Abstract-A common problem in wide-baseline matching is the sparse and non-uniform distribution of correspondences when using conventional detectors, such as SIFT, SURF, FAST, A-KAZE, and MSER. In this paper, we introduce a novel segmentation-based feature detector (SFD) that produces an increased number of accurate features for wide-baseline matching. A multi-scale SFD is proposed using bilateral image decomposition to produce a large number of scale-invariant features for wide-baseline reconstruction. All input images are over-segmented into regions using any existing segmentation technique, such as Watershed, Mean-shift, and simple linear iterative clustering. Feature points are then detected at the intersection of the boundaries of three or more regions. The detected feature points are local maxima of the image function. The key advantage of feature detection based on segmentation is that it does not require global threshold setting and can, therefore, detect features throughout the image. A comprehensive evaluation demonstrates that SFD gives an increased number of features that are accurately localized and matched between wide-baseline camera views; the number of features for a given matching error increases by a factor of 3-5 compared with SIFT; feature detection and matching performance are maintained with increasing baseline between views; multi-scale SFD improves matching performance at varying scales. Application of SFD to sparse multi-view wide-baseline reconstruction demonstrates a factor of 10 increases in the number of reconstructed points with improved scene coverage compared with SIFT/MSER/A-KAZE. Evaluation against ground-truth shows that SFD produces an increased number of wide-baseline matches with a reduced error.
I. INTRODUCTION

F
INDING reliable correspondences between images is a fundamental problem in computer vision applications such as object recognition, camera tracking and automated 3D reconstruction. In this paper we focus on the problem of wide-baseline matching for general indoor and outdoor scenes. Existing feature detectors such as Harris [1] , [2] , SIFT [3] , SURF [4] , FAST [5] , KAZE [6] and MSER [7] often yield sparse and non-uniformly distributed feature sets for wide-baseline matching and reconstruction, as seen in later sections. Gradient-based detectors (Harris, SIFT, SURF, STAR [8] ) locate features at points of high-image gradient in multiple directions and scales to identify salient features which are suitable for affine-invariant matching. This results in sparse features with no detections in uniform regions. Existing segmentation based detectors such as MSER identify salient regions which can be reliably matched across wide-baseline views. However, this results in relatively few features. Existing feature detectors produces a highly sparse non-uniform distribution of scene features. Whilst this may be sufficient for camera estimation and sparse point reconstruction using bundle-adjustment, the detected feature set often results in poor scene coverage.
In this paper we introduce features based on oversegmentation of the image. We propose a new multi-scale segmentation based feature detector MSFD which uses the segmentation boundary (local maximal ridge lines of the image) rather than the segmentation regions. MSFD feature point detections are located at the intersection points of three or more region boundaries. The intersection points represent local maxima of the image function in multiple directions giving stable localization. The key advantage of this approach over previous gradient and region based feature detectors is that it does not require any global thresholds to be set. Features are detected at local maxima of the image or image gradient function. This enables feature detection throughout the image according to the local image variation giving an increased number of feature detections and accurate localisation for widely varying views.
A comprehensive performance evaluation of MSFD is performed with respect to previously proposed feature detection approaches. Evaluation of SFD feature point detections across wide-baseline views demonstrates that the region intersection points are stable and accurately localized, an example is illustrated in Figure 1 . SFD feature points are also demonstrated to give improved scene coverage with computational cost similar to existing efficient wide-baseline feature detectors (SURF/FAST/A-KAZE). Our preliminary work on SFD has been previously published at [9] and a video is available online. 1 As compared to our previous paper, this paper: (a) Introduces a multi-scale SFD feature detection (MSFD) based on bilateral decomposition of the image for scale invariant 1 https://www.youtube.com/watch?v=m3NThvKpR5w 1057-7149 © 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information. feature detection; (b) Presents a comprehensive performance evaluation of SFD and MSFD on a wide variety of indoor and outdoor datasets against 11 existing feature detectors demonstrating significant performance improvement; and (c) Presents comparative evaluation of MSFD against single scale SFD [9] and previous feature detectors. Contributions of this paper are:
• A novel multi-scale segmentation based feature detector MSFD for wide-baseline matching; which gives an increased number of accurately localised features for different viewpoints and improved coverage for natural scenes.
• MSFD using bilateral filter based image decomposition for scale-invariant feature detection without global thresholds.
• MSFD achieves a factor of ten increase in the number of features detected and matched for a given re-projection error for wide-baseline images.
• A comprehensive performance evaluation of SFD for wide-baseline matching on benchmark datasets against existing feature detectors (Harris, SIFT, SURF, FAST, MSER, ORB, A-KAZE) and descriptors(SIFT, BRIEF, ORB, SURF) showed improved performance in number of features and matching accuracy. Application of multi-scale SFD to reconstruction from widebaseline camera views demonstrates an order of magnitude increase in the number of reconstructed points with improved scene coverage and reduced error compared to previous detectors against ground-truth. Proposed MSFD achieves:
• SFD and MSFD feature detection achieves state-of-theart performance irrespective of the choice of underlying segmentation method (Watershed, Mean-shift, SLIC).
• Performance evaluation of MSFD against single-scale SFD [9] and existing feature detectors (Harris, SIFT, SURF, MSER, A-KAZE) demonstrates increased matches and stable performance with increasing baseline between camera views at varying scales between 0.25 to 2.
II. PREVIOUS WORK
Decades of research has developed numerous feature detection techniques and a review into interest-point detection reveals three main approaches [10] , [11] : image gradient analysis, intensity templates, and contour analysis.
A. Image Gradient Based Features
Early image gradient based approaches, such as Forstner corner detector [12] , define an optimal point based on the distances from the local gradient lines and Harris corner detector [1] , define an interest-point as the maximum of a function of the Hessian of the image. They used the local autocorrelation function of a signal to measure the local changes of the signal with patches shifted by a small amount in different directions. A scale-invariant extension was achieved by successive application of Gaussian kernels on scale-space representation of image and detecting interest-point as a local maximum both spatially, and across the scale-space [13] to deal with significant affine transformations. Mikolajcyzk and Schmid seek these maxima via the Laplacian-of-Gaussian (LoG) filter, which is a combination of the Gaussian smoothing and the differentiation operation [14] .
SIFT implements Difference-of-Gaussians [3] to improve on earlier approaches by transforming an image into a large collection of local feature vectors which are invariant to changes in scale, illumination and local affine distortions. Lowe exploited locations that are maxima or minima of a Difference-of-Gaussian (DoG) function applied in scale space to generate local feature vector. Another detector exploits scale and DoG to extract features [15] . A combination of gradient space with local symmetry was used in [16] . Gradient based techniques offer accurate localization [17] , and are robust to many image transformations [13] . However, computation of the image gradients are sensitive to image noise and are computationally expensive. SURF mitigates this via the use of integral images and 2D Haar wavelets [4] .
CenSurE achieves even faster operation by approximating the LoG operator with a bi-level filter [8] . These approaches suffer from drawbacks since Gaussian blurring does not preserve object boundaries and smooths details and noise at all scales, spoiling localization accuracy and distinctiveness. To overcome this problem KAZE features were introduced to detect and describe features in non-linear scale-space [6] . The scale-space representation is computed by non-linear diffusion filtering instead of Gaussian smoothing, yielding an improvement in the localization accuracy in [6] , thereby increasing repeatability w.r.t SIFT and SURF. The main drawback of KAZE is that it is computationally intense which is addressed by A-KAZE by using efficient diffusion filtering [18] . This claims superiority over all major gradient based methods in terms of computational complexity.
B. Intensity Based Features
Intensity template approaches seek patterns that are common manifestations of interest-points [11] . FAST first computes the intensity differences between the central pixel and a circle surrounding it, and then counts the contiguous pixels with a difference above a threshold [5] . A rotation-invariant implementation is proposed in [19] , and a multi-scale extension in [20] . An extension to a multi-scale detector by scale selection with the Laplacian function was proposed in [21] .
Maximally Stable Extremal Regions (MSER) is a region detector responding to areas conforming to a 'basin' template [7] . The word 'extremal' refers to the property that all pixels inside the MSER have either higher (bright extremal regions) or lower (dark extremal regions) intensity than all the pixels on its outer boundary. The word 'maximally stable' describes the threshold selection process since every extremal region is a connected component of a thresholded image. In contrast SFD and MSFD detect intersection points on the region boundaries of the over-segmented image instead of detecting the regions like MSER, removing the requirement of global threshold. Intensity template methods are usually fast, compared to their gradient based counterparts [11] . However, with the exception of MSER, they are not affine-invariant, which limits their ability to cope with viewpoint variations, as presented in evaluation in [17] .
C. Contour Based Features
Contour intersections and junctions often result in bi-directional signal changes. Therefore, a good strategy to detect features is to extract points along the contour with high curvature. Curvature of an analog curve is defined as the rate at which the unit tangent vector changes with respect to arc length. Contours are often encoded in chains of points or represented in a parametric form using splines [22] . Hence, image contours give rise to two interest-point definitions: local maxima of the curvature along a contour, and intersections. Mokhtarian and Suomela [23] implemented the former by building a scale-space representation of the contour map for the image, and detecting the local maxima of the curvature. The robustness was improved by using gradient correlation based detector [24] . Structured tensor was exploited along with contour information to extract reliable features [25] . Intersection of contour elements provides an alternative interest-point definition. T-junctions constitute a straightforward example [23] which inspires the proposed feature detector. Performance of curvature based techniques are dependent on the quality of the extracted edges [26] . Although they are generally fast, the scale-space approach introduces a compromise between robustness and accuracy. On the other hand, contours, especially intersections are distinctive. Therefore, they are more robust to viewpoint variation [26] , [27] . A recent paper proposed feature points on object contours for application to recognition [28] .
D. Learning Based Features
Although feature detectors have mainly focused on handcrafted methods, several learning based methods are proposed recently [29] - [32] . A classifier was learnt to detect matchable keypoints for Structure-from-Motion (SFM) applications in [30] . They collect matchable keypoints by observing which keypoints are retained throughout the SFM pipeline and learn these keypoints. Although their method shows significant speed-up, they remain limited by the quality of the initial keypoint detector. Method was proposed to identify patch based local convolution features for application to image retrieval [33] . Reference [29] learns convolutional filters through random sampling while searching for the filter that gives the smallest pose estimation error when applied to stereo visual odometry. Efficient features based on Gaussian kernels were proposed for classification in [34] . Reference [32] proposed a deep-learning feature detector and descriptor for various applications. Evaluation of LIFT features is shown using the general SFM pipeline but the images are not widebaseline. FAST detector [35] was introduced to speed-up the detection using machine learning.Improved repeatability and speed was achieved by FAST-ER [11] . Machine learning based feature detectors and descriptors [36] - [38] were proposed for visual and facial recognition respectively. Reference [36] exploits the contextual information of adjacent bits for more robust feature detection. Binary features were introduced for tracking [39] such that a binary descriptor was generated and optimized for each image patch independently. But none of these features have been designed for the purpose of widebaseline stereo.
E. Summary and Motivation
To overcome the limitations of existing feature detectors in terms of scene coverage and matching across wide-baseline views a segmentation based feature detector is introduced. It is based on the property that the intersections of contours are robust to changes in viewpoint [26] , [27] . The number of features detected by curvature based techniques is quite small [26] and none of them have been proposed and evaluated on wide-baseline image pairs. They are based on only edge detection and vulnerable to the well-known difficulties in producing stable, connected, one-pixel wide contours [2] . To avoid this an over-segmentation based method for stable feature detection is proposed. The idea of using regions for salient feature matching is well known and is exploited in [40] for applications other than wide-baseline stereo. A survey on interest points based on Watershed, Mean-shift and Graphcut segmentation was presented in [41] . This paper proposed a method that uses boundaries and centres of gravity of the segments for extracting features. Evaluation of region segmentation approaches shows that Watershed is superior to the alternatives in terms of repeatability and Mean-shift segmentation performs best for natural scenes [41] . Watershed is superior in terms of repeatability as it detects the local maxima of the gradient magnitude intensities as the region boundaries. Proposed SFD features are based on the the detection of points at the intersection of local maxima, hence Watershed is chosen as the base segmentation technique.
III. SINGLE-SCALE SFD
In this section we introduce the segmentation based feature detector. The main motivation for this approach is to obtain feature detections uniformly distributed throughout the image rather than just in areas of high variation which is common with existing feature detectors. Distribution of features throughout the scene is important for applications such as matching across multiple wide-baseline views for reconstruction [42] and photo-tourism [43] , as shown in Figure 1 . The approach is based on over-segmentation of the image into regions which ensures that detected features are distributed across the entire image as the region boundaries are located along contours of local maxima in the image. Oversegmentation detects regions and boundaries at both strong and weak edges, ensuring that the features are robust to the changes in view-point. These points of local maxima are consistent with respect to viewpoint change [41] . The use of local maximal contours overcomes the common problem of setting arbitrary thresholds or scales for feature detection, which is common to most existing feature detectors. SFD feature detection is based on the segmentation of the image such that the features are detected at the boundaries of the segmented regions hence the name 'Segmentation based features'.
A. Feature Detection
Segmentation of an image results in a large number of small regions with uniform appearance. The region boundaries represent ridge lines corresponding to local maxima of the image function or maxima in gradient if the segmentation is performed on a gradient image. The boundary intersection points where three or more region boundaries meet are local maxima in the image function in multiple directions. Consequently these points are accurately localized, distinctive and stable under changes in viewpoint giving good features for matching across wide-baseline views. This observation forms the basis of our proposed region based feature detector, resulting in an increased number of salient features which are suitable for matching across wide-baseline views.
Over-segmentation is performed on the image using existing segmentation techniques such that the regions in the image are separated by a 1 pixel wide boundary. The intersection points of three or more region boundaries in the over-segmented image are detected as features and a unique intersection can only be obtained with regions of 1 pixel wide boundary. The region intersection points are identified by traversing through the boundary points in the image such that for each point on the contour 3×3 pixel neighbourhood is tested for the number of region labels. If three or more region labels are present the point is detected as a feature as illustrated in Figure 2 . These points are detected for the whole image on the region boundary contours. Locating features where multiple region boundaries (3 or more) intersect followed by sub-pixel refinement gives good localization, therefore SFD achieves good localization which is consistent with-respect-to changes in viewpoint, as illustrated in Figure 3 for Odzemok dataset. Segmentation is obtained for different viewpoints with a baseline varying between 0 • − 90 • followed by SFD feature detection. SFD features consistent across views are highlighted in the figure to show the stability of localization with viewpoint.
B. Sub-Pixel Refinement
Let us denote the set of features detected for an image as F = f 1 , f 2 , . . . , f N F , where N F is the total number of features. These features are integer values of the pixels where intersections of regions are detected. We perform a local sub-pixel refinement to optimize the feature location f i at a local gradient maxima using the Levenberg-Marquardt method [44] . This refinement is based on the observation that every vector from the feature f i to a point p j located within a neighbourhood N of f i = {x, y} T is orthogonal to the image gradient G j = g x , g y T at p j = {x + x, y + y} T , where x, y is the shift at the point f i . In our case a window size of W × W is chosen for the neighbourhood N , such that
which is the optimum window size for good localization of the features [45] . N W and N H are the width and height of the input image. The cost function is defined as:
Since the vectors G j and f i − p j are orthogonal, t j ( f i ) is 0 if f i is at a local maxima, thereby making T ( f i ) to be 0. The sub-pixel position of the feature point is the minima of T ( f i ). The process is repeated for the entire feature set F to obtain a new solution F * = argmin f i {T ( f i )} and the speed is optimized by parallelization. Feature descriptors are then applied to the local image regions of F * to perform matching and reconstruction. 
C. Segmentation
SFD can use different segmentation techniques, in this section we review possible segmentation methods. The performance of SFD for different segmentation methods is evaluated in Section VI.
Segmentation of an image is defined as the process of partitioning an image into multiple segments. Pixels in each region share similar properties and are distinct from the pixels in adjacent regions. The boundary of the segments define contours of local maxima in the image. Our focus is on finding fast, automatic and stable over-segmentation techniques suitable for wide-baseline matching in general indoor or outdoor scenes. The SFD features defined in Section III-A are evaluated on three different segmentation techniques:
Watershed (WA) [46] : The first segmentation technique is based on morphology. Readers are referred to [47] for detailed information on morphological segmentation techniques; the watershed transform [46] is used in this approach because of speed and efficiency. The watershed transformation considers the gradient magnitude of an image as a topographic surface. Pixels having the highest gradient magnitude correspond to watershed lines which represent the region boundaries. Water placed on any pixel enclosed by a common watershed line flows downhill to a common local intensity minimum. Pixels draining to a common minimum form a basin, which represents a segment partitioning the image into two different sets: the catchment basins and the watershed lines.
Implementing the transformation on the image gradient, the catchment basins correspond to homogeneous grey level regions of this image. In practice, this transform produces an over-segmentation due to scene structure, local appearance variation and image noise. We use the modified and more robust version of the watershed algorithm defined in [48] . An example on Odzemok dataset is shown in Figure 4 .
Mean-shift (MS) [49]:
Mean-shift considers feature space as a empirical probability density function. For each data point, Mean-shift associates it with the nearby peak of the datasetâŁ™s probability density function. For each data point, Mean-shift defines a window around it and computes the mean of the data point. Then it shifts the center of the window to the mean and repeats the algorithm till it converges.
After each iteration, the window shifts to a more denser region of the dataset. There are three main parameters considered in this segmentation: Spatial resolution parameter(S R P) which affects the smoothing and connectivity of segments, it is chosen depending on the size of the image, Range resolution parameter (R R P) which affects the number of segments and the third parameter is Size of smallest segment (S3). The parameters are initialized automatically and assignments to each of these parameters are:
The mean-shift segmentation method is based on connectedness criterion and is proved to give stable and repeatable segments for natural scenes [41] . This is an unsupervised oversegmentation technique performed on image pre-processed using Bilateral filter to remove noise. An example is shown in Figure 4 on Odzemok dataset. Simple Linear Iterative Clustering Super-pixels (SLIC) [50] : This segmentation technique is a superpixel method and it clusters pixels in the combined five-dimensional color and image plane space to efficiently generate compact, nearly uniform super-pixels with a low computational overhead. This approach generates super-pixels by clustering pixels based on their color similarity and proximity in the image plane. SLIC is demonstrated to achieve good quality segmentation at a lower computational cost over state-of-the-art super-pixel methods.
The segmentation requires the number of regions (S) as input and this is calculated it using the following equation in this work: S = W ×H w min ×h min , where W and H are the width and height of input image and w min and h min are the minimum width and height of segmented regions which is set to approx 60 × 30 respectively to avoid very small segments as shown in Figure 4 .
In this section SFD feature detection introduced for uniform scene coverage in the wide-baseline scene reconstruction was described in detail. Various segmentation techniques like Watershed, Mean-Shift and SLIC used for proposed feature detection were explained. These Single-scale SFD features work well for wide-timeframe matching as shown in [51] . Although SFD depends on over-segmentation of the image it should be noted that increasing the segments to a denser level will lead to higher computational complexity and exponentially reduced matching accuracy. When images undergo transformations or deformations the segmentation approaches are able to retrieve consistent edges in the images. The change in viewpoint or lighting causes a slight variance in the strength of the edges but the points of intersection remain robust to these deformations.
Feature detection is performed on pair of multi-view images which is followed by feature matching. An example of comparison of SFD features detected and matched is shown in Figure 5 , against SIFT and A-KAZE. The highlighted region in the image shows that SFD gives improved coverage of features as compared to existing state-of-the-art methods. Feature matches are used for camera parameter estimation followed by wide-baseline sparse scene reconstruction, explained in Section V.
IV. MULTI-SCALE SFD
Although SFD points are invariant to rotation and illumination changes, the features are not invariant to the scale. Hence multi-scale SFD (MSFD) is proposed to introduce scale invariance by constructing a bilateral image pyramid. A bilateral filter is used for our multi-scale algorithm because it avoids the halo artefacts commonly associated with the traditional Laplacian image pyramid and it preserves strong edges compared to Gaussian filtering over different scales. In existing scale-space methods either the image size is varied and a filter (e.g., Gaussian filter) is repeatedly applied to smooth subsequent layers, or the original image is kept unchanged, varying the filter size to change the scale. In this paper we choose the second approach to reduce redundancy and to avoid blurring of the edges due to down-sampling at every pyramid level.
Previously bilateral filter decomposition has been used for detail enhancement in images [52] . In this paper a series of filtered images I j are obtained, such that the strongest edges in the input image I are preserved while smoothing small changes in intensity for multi-scale segmentation based feature detection. The bilateral filtering operation at each scale j is defined as follows:
where
σ 2 ), σ s, j and σ r, j are the widths of the spatial and range Gaussians respectively and q is the offset window around p. The scale of the filter j varies from 0 to 4, where j = 0 is the finest scale such that I 0 = I . The number of scales are selected based on the experiments in the previous papers [3] , [52] .
In single scale SFD, explained in section III-B, features F * are detected on single scale for image I . MSFD features are extracted by over-segmenting the set of filtered images I j for each input image I . Let us denote the set of features detected after sub-pixel refinement at each scale j with F * j . SFD features are detected to obtain F * j , such that F * j +1 < F * j due to the reduction in the level of detail at each level as shown in Figure 6 . The final set of multi-scale SFD features is defined as: F * = 4 j =0 F * j , such that the redundant features are removed from the final set. An evaluation of the proposed MSFD against SFD and existing feature detection methods like SIFT, A-KAZE is presented in Section VI-B.
V. WIDE-BASELINE SCENE RECONSTRUCTION
Wide-baseline correspondences are obtained for all pairs of images using SFD. These correspondences are used to reconstruct a sparse 3D representation of the scene. We assume that the camera intrinsics are known and camera extrinsics together with 3D point locations are estimated using the correspondences. The fundamental matrix estimation procedure employs RANSAC and the normalized 8-point algorithm [53] , to find the epipolar geometry using the intrinsics. The first camera is chosen as the world reference frame to obtain the camera matrix for the second camera from the fundamental matrix. Then, for each image correspondence, the triangulation algorithm [53] seeks the 3D point that minimizes the reprojection error. After the initial pairwise sparse reconstruction is obtained, a new camera is registered to the structure by finding the 2D and 3D correspondences between views and the 3D structure. The view with highest correspondences is selected and pose is estimated for the view from 3D-2D point correspondences using the RANSAC algorithm. The estimated pose minimizes re-projection error and the scene is augmented by triangulating the correspondences. The process is repeated for all the views until the camera pairs are exhausted. The algorithm employs global bundle-adjustment [43] to minimize the re-projection error over the calibration and the structure parameters to get the sparse reconstruction.
VI. RESULTS AND EVALUATION
Evaluation is performed on a variety of datasets: static and dynamic; indoor and outdoor scenes. State-of-the-art feature detection techniques have used the static indoor and outdoor datasets in their evaluation, hence these datasets are included in our evaluation for fair comparison. The characteristics of 3 Office, , 3 Magician. 4 Challenges: Both scattered and uniform background, stable lighting condition, single and multiple objects. Magician is captured with only hand-held cameras; and 4. Dynamic outdoor datasets: Rossendale, 3 Cathedral, 3 Patio, 3 Juggler. 4 Challenges: Both scattered and uniform background, repetitive background, variation in illumination. Juggler is captured with only hand-held cameras.
The SFD feature detector is evaluated based on the properties of good features described in [54] : quantity; efficiency; accuracy; coverage; and reconstruction accuracy in the following sections. Following sections present extensive experimental results obtained on the standard evaluation set of [13] and on practical wide-baseline image matching applications.
A. Benchmark Evaluation of Detector-Descriptor
To evaluate the performance of the proposed segmentation based feature detection approach for wide-baseline matching we present a comprehensive comparison with existing stateof-the-art feature detector and descriptor combinations. Comparison is performed with binary (FAST [18] , ORB [19] , BRIEF [55] ) and floating point (Harris [1] , GFTT [56] , SIFT [3] , SURF [4] , STAR [8] , MSER [7] , KAZE [6] , A-KAZE [18] ) detectors. These detectors are combined with feature descriptors (BRIEF [55] , ORB [19] , SIFT [3] , Figure 7 against SFD-WA.
1) Scene Coverage:
The distribution of the features across the scene is shown in Figure 7 for different detectors: Proposed SFD with WA, SIFT, MSER. SFD gives improved scene coverage with higher quantity and improved distribution of features across the scene for all the datasets.
2) Feature Matching Evaluation: The proposed SFD detection is performed on each pair of images for each segmentation method followed by feature matching using a descriptor. An exact nearest-neighbour matching algorithm is applied, followed by a ratio test as explained in [3] is used to evaluate the feature detector. All of the matches whose distance ratio is greater than 0.85 are rejected, which eliminates 90% of false matches and 5% of the correct matches [3] . After obtaining a set of refined matches, a left-right symmetry test is used to further remove inconsistent matches due to repeated patterns. This is followed by RANSAC based refinement [57] of matches without prior knowledge of camera parameters. The fundamental matrix is estimated using RANSAC and the inliers are chosen as the set of matches.
Experimental results for a pair of image for each dataset and all segmentation methods (WA, MS and SLIC) are summarized in Table III . The column headed '|F * |' shows the number of features detected in one of the images. Total count (T C) is the number of matches obtained with brute force matching using a SIFT descriptor and RANSAC count (RC) is the number of correspondences that are consistent with the RANSAC based refinement performed after the ratio and symmetry tests. The number of features detected by all segmentation techniques are similar. The numbers of matches reduces by 30 − 40% after refinement using the symmetry and RANSAC tests (RC). Figure 8 presents the number of wide-baseline matches (RC) and Figure 9 L: SFD-WA-BRIEF, M: SFD-WA-SIFT, N: SFD-MS-BRIEF, O: SFD-MS-SIFT, P: SFD-SLIC-BRIEF and Q: SFD-SLIC-SIFT. We choose matching score as one of our evaluation parameter for fair evaluation as it removes the bias in having more keypoints. Performance of the proposed SFD detector combined with WA, MS and SLIC segmentation techniques with BRIEF and SIFT descriptors is shown in bars labelled L -Q, respectively demonstrating that the approach consistently achieves a factor of 3 − 10 increase in the number of correct matches and factor 5 − 8 in the matching score compared to previous detectordescriptor combinations.
To demonstrate that the proposed SFD features deliver both better results with the same number of keypoints, and achieves a greater number of matches than other methods, we restrict the number of keypoints detected to 2000. The number of matches T C obtained using each method is listed in Table IV and the matching score defined as T C/2000 is plotted in Figure 10 , demonstrating consistently improved performance obtained using SFD in the matching score.
3) Matching Accuracy Evaluation: For further evaluation this section compares the feature matching accuracy of SFD against MSER, SIFT and A-KAZE. We choose only these detectors because they outperform the other feature detection methods for wide-baseline matching. SFD-WA is chosen as our base segmentation technique. The aim is to evaluate the accuracy of each feature correspondence. The ground-truth camera calibration and reconstruction is used for evaluation of the accuracy of the feature matches for all datasets. Ground-truth camera calibration (intrinsic and extrinsic) is known and reconstruction is available for static indoor datasets and for other datasets the reconstruction is computed using existing reconstruction algorithms [53] . The accuracy is evaluated using the projection of a 3D point which gives the ground-truth match for a point in pair of images. The error between the ground-truth match and the match obtained for different feature detection approaches gives the measure of accuracy.
Ground-truth correspondences are obtained by backprojecting the 3D location of the feature points detected in one image to the other image and evaluating the distance to the estimated feature match. Mean re-projection error (M RE) given in Equation 3 is used for accuracy evaluation of the SFD feature matches again the ground-truth.
where (x, y) is the estimated SFD feature match, (x , y ) is the re-projected point, and K is the number of feature matches, here K = RC. Table V presents the results of the ground-truth correspondence for the proposed SFD using Watershed segmentation with a SIFT descriptor for matching and three other detectordescriptor combinations representing state-of-the-art detectorsdescriptors (MSER-SIFT, SIFT-SIFT and A-KAZE-A-KAZE). RC shows the number of correspondences obtained with each approach after symmetry and RANSAC consistency tests. The number of matches obtained with the proposed SFD feature detector is greater by an order of magnitude than MSER, and by a factor three greater than SIFT and A-KAZE. The M RE for SFD is lower compared to MSER and comparable with SIFT and A-KAZE within approx. ±0.2 pixels.
M RE gives an overall comparison of the accuracy of the feature matches, however the distribution of the matches at different pixel errors is not clear. Although the M RE of SFD is comparable with existing feature detectors, it is noted that SFD gives large number of matches and it would be interesting to see the comparison of number of matches at each pixel error against existing detectors. The more the number of matches at lower pixel error the better the accuracy of the feature detector. Hence to evaluate this re-projection error is calculated using the ground-truth reconstruction for each feature match. The errors are ranked from low to high and a graph is plotted for the number of feature matches at each pixel error.
The comparative evaluation of the re-projection errors for all the correspondences obtained by SIFT, A-KAZE and SFD is plotted and results for 2 datasets from each category are shown in Figure 11 . This figure shows that the number of wide-baseline matches for a given maximum re-projection error are consistently greater for SFD detection than for SIFT and A-KAZE. Approximately three times more points have less than 1 pixel error for SFD compared to SIFT and A-KAZE depicting the relatively high accuracy of the proposed method. This implies that taking the best N features from SFD will give higher accuracy calibration/reconstruction than for SIFT feature detection. Therefore SFD gives more accurate geometry estimation from wide-baseline views due to the improved accuracy of feature localization demonstrating the suitability of SFD for sparse 3D scene reconstruction.
4) Reconstruction Accuracy Evaluation:
The accuracy and the suitability of features for wide-baseline reconstruction is evaluated for complex environments on a variety of datasets in this section. We measure the reconstruction accuracy evaluation (R A ) of SFD, defined as R A = Correct Matches RC using the ground-truth information for Odzemok dataset. We eliminate the matches from RC with MRE greater that 2.5 pixels to obtain the 'Correct Matches', which is a standard setting to allow noise variance [53] . The comparisons with FAST, MSER, ORB, SIFT and A-KAZE are shown in Figure 12 for dynamic and in Figure 13 The reconstruction accuracy evaluation of SIFT, A-KAZE and SFD detector is comparable and greater than other detectors like FAST, ORB and MSER. Watershed segmentation performed consistently better than other segmentation methods. As the baseline between the image pairs increases, the overlap between the images reduce which results in decrease in the number of matches (RC). It is noted that the reconstruction accuracy for each feature detector reduces with the increase in baseline which indicates a drop in the percentage of correct matches from the set of matches (RC). The drop in the reconstruction accuracy is similar for SFD, SIFT, A-KAZE and MSER. However, the percentage of correct matches for SFD is slightly higher than existing approaches, as seen from the Figure. The FAST and ORB detectors does not perform well for wide-baseline images.
5) Time Performance: Figure 14 presents the average computation time/frame showing that the computational time is less than floating point detectors and similar to binary detectors. SFD-WA is the fastest detector compared to MS and SLIC, but the number of correct matches are highest for SLIC. MS gives lower number of correct matches compared to both WA and SLIC. The evaluation shows a trade-off between the performance and the number of correct matches for various segmentation techniques. The matching performance of detectors varies with the descriptor assignment. SFD works better with SIFT descriptor compared to BRIEF descriptor. This is expected as SFD is a floating point detector.
B. Multi-Scale Feature Detection Evaluation
Multi-scale evaluation is performed by feature detection and matching between pairs of images at difference scales Table VI for two datasets from each category.
The number of correct matches are reduced with scale change compared to the original number of matches shown in Table V for respective datasets for all feature detection techniques (SIFT and A-KAZE by ≈ 76%, SFD-WA by ≈ 34% and MSFD-WA by ≈ 78% for scale S1 = 0.25) (SIFT and A-KAZE by ≈ 84%, SFD-WA by ≈ 49% and MSFD-WA by ≈ 87% for scale S2 = 2). There is a significant improvement in the number of matches and percentage of original matches (R) with scale change over SFD feature detection. Also, the number of correct matches obtained using Multiscale SFD are approximately 2 − 3 times higher compared to existing feature detection techniques (SIFT and A-KAZE) with approximately same percentage drop (R) in the matches. [17] : We have evaluated MSFD-WA with SIFT descriptor against existing feature detectors (A-M) on the DTU Robotics dataset which consists of 60 sequences as in [32] . We have restricted the number of features to 4000 for each detector and all sequences. The inlier ratio (RC/F) results are shown in Figure 15 and the matching score (M S = T C/F) results are shown in Figure 16 demonstrating the improved performance using MSFD against state-of-the-art feature detectors.
DTU Robotics Dataset
C. Application to Wide-Baseline Reconstruction
Wide-baseline sparse scene reconstructions are presented for all the datasets in Figure 17 . Reconstructions obtained using the proposed SFD features are compared with those obtained using the SIFT and A-KAZE detectors, in all cases the SIFT descriptor is used for matching. As expected from the evaluation of wide-baseline matching presented above the number of reconstructed points is much higher with the proposed approach as shown in Table VII with WA, MS and SLIC. From Figure 17 it can be observed that sparse widebaseline reconstruction based on SFD gives a significantly more complete representation of the scene (evaluation of the accuracy against ground-truth reconstruction for all datasets was presented in Table V) .
For further evaluations we replaced the feature detection in the Visual SFM [58] pipeline with MSER, SIFT, A-KAZE and Table VIII . We have also evaluated the dense reconstruction obtained using SIFT and SFD detectors on a standard pipeline, results are shown in Figure 18 . The feature detection thresholds of the different methods are set to detect approximately the same number of features per image initially. However, the number of feature matches and sparse 3D points is much lower for SIFT and A-KAZE compared to SFD, showing the stability of SFD feature points. Hence, the SFD based dense reconstruction gives more complete coverage of scene compared to other detectors. Dense reconstruction and registration based on SFD features is demonstrated in [59] and [51] respectively for challenging datasets.
D. Limitations
Evaluation has been performed across a wide-variety of indoor and outdoor scenes to identify the limitations of SFD feature detection in the context of wide-baseline matching. As with other feature detection approaches the method is dependent on variation in surface appearance and consequently will produce fewer and less reliable features in areas of uniform appearance, or repetitive background texture like trees, sky etc. However, as demonstrated in the evaluation SFD increases the number of features and scene coverage for widebaseline matching compared to previous approaches.
VII. CONCLUSION
In this paper we have proposed a novel multi-scale feature detector MSFD for wide-baseline matching and sparse scene reconstruction. The approach is based on over-segmentation of the scene and detecting features at intersections of three or more region boundaries. This approach is demonstrated to give stable feature detection across wide-baseline views with an increased number of features and more complete scene coverage than popular feature detectors used in widebaseline applications. MSFD is shown to give consistent performance for different segmentation approaches (Watershed, Mean shift, SLIC), with SFD-SLIC giving a marginally higher number of features. The speed of SFD feature detection is comparable to other methods for wide-baseline matching.
A multi-scale segmentation based feature detection is introduced to achieve scale invariance giving improved performance against existing feature detection techniques.
A comprehensive performance evaluation against previous feature detectors (Harris, SIFT, SURF, FAST, ORB, MSER, KAZE, A-KAZE) in combination with widely used feature descriptors (SIFT, BRIEF, ORB, SURF) demonstrates that the proposed multi-scale segmentation based feature detector MSFD achieves a factor of 3 − 10 times more wide-baseline feature matches for a variety of indoor and outdoor scenes. Quantitative evaluation against ground-truth of SFD vs. SIFT, MSER, and A-KAZE feature detectors shows that for a given error level MSFD gives a significantly larger number of features. Improved accuracy in feature localisation with SFD results in more accurate camera calibration and reconstruction of sparse scene geometry.
Application to stereo sparse reconstruction from widebaseline camera views demonstrates that the MSFD feature detector combined with a SIFT descriptor achieves a significant increase in the number or reconstructed points and more complete scene coverage than SIFT detection. Further plans include evaluating the utility of MSFD features in applications such as camera tracking and object recognition and the integration with deep learning approaches to detection and matching to achieve greater generalisation across scenes while maintaining or improving performance.
